The personalization of Learning Management Systems is a fundamental task in the current context of e-Learning and the WWW. However, there are many controversies around the criteria used to make the selection and presentation of the most appropriate content for each user. The most used approaches in the last decade were the identification of learning styles, the analysis of the history and navigational behavior, and the classification of user profiles, without finding conclusive evidence to determine a method that can be adopted universally, considering the complexity of the cognitive processes involved. This paper proposes an approach based on multi-attribute decision making techniques, which allows considering and combining the criteria most effectively used in the area, according to particular contexts, as a new approach to the content personalization and appropriate learning objects selection. The application of this approach aims to maximize the effectiveness and efficiency of the teaching process and enrich the user experience.
I. INTRODUCTION
Over the last decade, online learning environments, such as e-Learning platforms, Massive Open Online Courses (MOOC's), and educational mobile applications, as well as the amount of resources available on the WWW, have grown exponentially, facilitating access to education at all levels and employability skills training. However, this has also made it increasingly difficult to find, select and customize the contents, activities and experiences most appropriate for the needs of each user, according to their individual characteristics, which constitutes an essential requirement to achieve meaningful learning effectively.
It is for this reason that researchers in the area have been developing various techniques, tools, and models focused on the personalization of learning management systems (LMS), the most widely used being the identification of learning styles (LS), the analysis of the history and navigational behavior, the classification according to user profiles, among others. However, there are still many controversies about the effectiveness of the criteria used, and little conclusive evidence that allows the generalization of these approaches, or the convergence towards some method that can be universally adopted, considering the complexity of cognitive processes and diversity typical of human nature.
In accordance with this, new trends in education, such as project-based learning, problem-based learning, or the competency-based approach; the different approaches and theories presented in recent years; and the evidence of the most recent case studies, seem to point to the need to consider other strategies for the appropriate selection of contents, or combinations thereof, as well as the attributes of each learning object to be used or task to solve. According to [1] : "while there is no one perfect way, teachers across the globe strive to identify a right mix of pedagogies to effectively capitalize on the learning capacity and styles of the new generation of college students". This paper proposes a novel approach to improve the implementation and customization of LMS, which allows combining the most important and relevant educational approaches and strategies in the area, through an evaluation scheme that can be adapted to each particular context and educational level, together with the profile of each student (individual characteristics), as well as a mechanism to correlate these attributes with the learning objects and main activities available on the most used LMS platforms, in order to achieve a high level of customization.
The importance of this approach is that it will facilitate the implementation of personalized learning environments that enrich the user experience and maximize the efficiency of the teaching / learning process. One of the limitations of the proposed approach is that, by combining different approaches and techniques, it requires the participation of experts who master all the techniques considered and can give an opinion regarding them, as well as a specialized repository of learning objects with a great diversity of resources, which could delay its implementation.
The rest of the paper is organized as follows. Section 2 presents a literature review and related works; Section 3 details the proposed model, including the definition of the user profile and the proposed method for the selection of learning objects, as well as other resources and activities, and Section 4 presents the conclusions of this research.
II. RELATED WORK
The identification of LS has been one of the most widely used approaches for the design and implementation of adaptive systems and LMS. According to Nafea et.al. [2] , several studies indicate that "adaptive e-learning environments based on specific LS are not only more productive, but also create higher student satisfaction levels, decrease learning times, and increase students academic achievement", while in the opposite (IJACSA) International Journal of Advanced Computer Science and Applications, Vol. 10, No. 11, 2019 case: "students with a strong preference for a specific LS have difficulty learning when it is not supported by the teaching environment" [2] . For Ali et al. [3] , LS "can be considered as a valuable factor for enhancing learning process by adopting an effective learning technology", so various authors agree that "personalized learning is a key in the field of e-Learning" [3] .
In this regard, there are different classifications of LS, as well as different techniques to determine the particular LS of a student. Theoretically, the predominant LS is the one that would allow him to maximize the efficiency of the learning process. These techniques range from the most traditional approaches as the psychological questionnaires or tests, up to the methods of automatic detection or prediction, based on Artificial Intelligence and data mining techniques, such as the proposals by [2] , [3] , [4] , [5] , [6] . Within the review of related works, carried out for the present work, the methods proposed by Alfaro et al. [7] , Aguilar et al. [8] , and Seyal et al. [9] , have been particularly considered, and will be briefly described in the following paragraphs.
Alfaro et al. [7] , presents an approach based on neural networks and fuzzy logic, used to automatically identify the LS of each student, analyzing their interactions within the platform through the log-file, and to go reviewing and updating the identification made over time. To do this, the authors identified the relationship between the different LS, based on the Honey-Alonso model, and the main categories of resources and activities available on the Moodle platform, which are similar in the most used LMS around the world. This tool serves as an instrument for analyzing the user's behavior and choices within the platform. The authors also considering the cases in which the students are more adaptable to any LS, and the cases in which erratic behaviors occur in a single learning session, which do not affect the overall behavior, obtaining acceptable results compared to other techniques.
In Aguilar et al. [8] , Social Learning Analytics (SLA) is used, wich "focuses mainly on the analysis of social networks (SNA) and the WWW, to obtain hidden information in large amounts of data (Big Data), and discover patterns of interaction and behavior of educational social actors", with the objective of determining the particular LS of each student. The importance of this approach is that it allows obtaining a point of view outside the learning environment, considering the interactions of the subject in "situations with greater freedom of action and greater diversity of resources" [8] . This work involves concepts such as Big Data, Semantic Mining, Text Mining, Data Mining, among others domains. Similarly, the approach proposed by Hamdaoui et al. [10] could be applied, where a game is used to collect "certain metrics and information susceptible of monitoring the player's interactions in the game", with which it is possible to make a correlation of students behaviour with LS, in a context totally different from LMS or other conventional learning tools.
Seyal et al. [9] proposes to examine "the relationship between students' personality traits and LS". For this purpose, the authors applied a quantitative survey, based on a random sampling approach, and the results were analyzed using statistical techniques, such as Chi-square test, the Bigfive (Ocean) personality theory, to investigate the student's personality traits, and the VARK LS model, to investigate the student's LS preferences, establishing certain relationships between both domains. This study aims to helping educators to design an develop "an effective teaching/learning style as a rewarding one other than focusing on the traditional classroom environment". According to [9] , "when the educator's teaching methods match the learning styles of the students, the chance for them to learn easily and understand quickly can be advantageous to their university ranking due to high rate of degree achievement".
While there are a large number of case studies and published articles about the application and efficiency of LS in the learning process, such as those presented in [2] , [3] , [4] , [5] , [6] , [7] , [8] , [10] , [9] , [11] , [12] , [13] , [14] , their efficiency has been highly questioned. The most recent studies seem to indicate that there is insufficient evidence to consider that the LS concept, by themselves, can have a significant impact on the learning process or in the knowledge retention process, as mentioned in [15] , [16] , [17] , [18] , [19] , [20] , [21] . There are even discussions on the validity of the methods used as a reference, as well as the controversy over whether LS they are "fixed, biologically determined and inflexible dispositions, or if they are dynamic, adaptable and flexible characteristics" [22] . However, since its use is very widespread, so you should not lose sight of this approach.
Another approach to consider, whose use has been gaining strength in recent years, is the Cognitive Load Theory (CLT), which uses an information processing approach to cognition, based on the human cognitive architecture. According to Moussa-Inaty et al. [23] , CLT "was a better predictor of student performance than student LS", but at the same time maintains a partial relationship with said theory, especially evidenced in multimedia learning environments, as stated in [24] . According to [25] , CLT " it is a major theory providing a framework for investigations into cognitive processes and instructional design". One of the advantages of the CLT approach is that it considers simultaneously the structure of information and the cognitive architecture that allows learners to process that information.
This approach has been successfully applied in the achievement of complex learning, taking into account student experience, and allowing differentiate and prioritize between several learning objectives in progress [26] , in simulation-based education applications such as [27] , [28] , multimedia learning with different objective measures [29] , game-based learning approaches [30] , among others. However, this approach, as well as the techniques commonly associated with it, also has some shortcomings, for example, according to [31] : "recent developments in CLT suggest that the human motor system plays an important role in cognition and learning; however, it is unclear whether models of working memory (WM) that are typically espoused by CLT researchers can reconcile these novel findings".
The research in affective computing seeks to understand and manage the influence of the affective or emotional factors of the person during their interaction with the technology. LMS are not out of this approach, the most important factors being the influence of the emotions and personality of the student. For Jarvenoja [32] , "emotions usually manifest themselves in collaborative scenarios or discussion groups, and can influence learning". According to Matthews [33] : "Personality traits are dispositions towards action, belief and attitude formation, dif-fer across individuals and influence behavior" and in practice, "they can modulate the way in which the student participates in a given situation" [34] . For Santos [35] , affective computing could help to "enrich the personalized support provided in online educational settings by taking into account the influence that emotions and personality have in the learning process", and delivery of the "appropriate affective support in diverse educational settings". Nafea et al. [2] , presents the concept of Learning Behavior Patterns, which are defined using three variables: (i) the time spent on each LO; (ii) the number of messages sent; (iii) the format of the LOs accessed during a session. These variables are correlated by a set of equations, and used as inputs for an algorithm called "learning style adaptation algorithm" [2] , taking as reference the Felder and Silverman LS model. Such research proposes an architecture based on four stages: information retrieval (system log-file analysis), dynamic checking sessions (profile construction), profile adaptation phase, and updating student profile after each learning session, in order to establish a user profile based on LS and user behavior within an LMS, the which is updated after each learning session, and is evaluated using two metrics: Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE).
Another approach used in this study is the Learning Progressions (LP), which is defined by Plummer [36] , as "the meaningful sequencing of teaching and student learning expectations accounted for across disciplines, student developmental stages, and grades". LP provide a scope and a work plan for teachers to develop student knowledge and skills. According to [37] , LP are characterized by two traits: "(i) Standards intended to address student abilities, social, emotional, and physiological needs; (ii) Sequence of standards to meet necessary expectancy and actualization". The LP approach uses the concepts of nodes and subnodes, where "each learning node in the progression depicts knowledge and/or skills a student must attain before moving along the learning spectrum", and the concept of construct maps, defined by [38] as: "representations of models of cognition by which the results of the assessment can be interpreted".
In an integrated framework, many of the approaches mentioned above could be considered as criteria or attributes, and then, the problem of combining and evaluating multiple alternatives based on these approaches, to find the best options for a student in particular within an LMS, lies in the theory of decision making with multiple attributes (MADM). This theory is one of the most important techniques used in the business administration and financial field in recent years, as can be seen in [39] , [40] , [41] , [42] . This approach has also recently been used in other areas such as the petrochemical industry, heterogeneous wireless networks, sustainable renewable energy development, satellite layout, among others.
For example, in Budiharjo et.al. [43] , MADM is applied in selecting the best elementary school, considering criterias such as teacher information, student information, number of courses, infrastructure, among others. Purnomo and Rozi [44] , uses weighted product (wp) and simple additive weighting (saw) methods in the best graduation selection system. In Perez et al. [45] the diffusion intuitionist dimensional analysis is applied to the selection of suppliers within the supply chain, considering various criteria such as delivery time, load capacity, cost, repeatability, quality of service, and programming flexibility, with the objective of "establishing competitive advantages for the company" [45] .
According to Keshavarz et al. [46] , MADM problems usually involve discrete decision variables and a limited number of alternatives for evaluation, so that "uncertainty is an inevitable part of information when the evaluation process is performed by human judgement". For this reason, this type of problems usually also involves the use of fuzzy logic to capture the uncertainty of evaluation processes. However, according to Perez et al. [45] , in recent years the intuitionistic fuzzy sets (IFS) have gained ground replacing the classic fuzzy sets, "due to their greater ability to deal with vague information and in environments of uncertainty", especially in combination with other decision making support techniques, such as MADM.
According to [47] , a IFS is "characterized by a membership function and a non-membership function, which is a generalization of the concept of fuzzy set whose basic component is only a membership function", and represents a a powerful tool to deal with vagueness. There are currently several variants of the IFS, such as: Interval-Valued IFS (IVIFS), Neutrosophic Sets (NS), Interval type-2 Fuzzy Sets, Intuitionistic fuzzy parameterized soft set, Intuitionistic Hesitant Fuzzy Sets (HFS), Tolerance-based intuitionistic fuzzy-rough set Intuitionistic Fuzzy Topological Spaces, etc. In general, an IFS can be defined according to the Equation 1.
where:
with the condition:
The numbers µ A (x) and ν A (x) represent, respectively, the membership degree and non-membership degree of the element x to the set A.
Kurilovas [48] , presents a similar approach to the proposed, using techniques such as learning analytics and multiple criteria decision analysis, "testing with different weights of evaluation criteria on empirical data" [48] . For this purpose, the author uses an ad-hoc methodology based on the assessment of suitability, acceptance and use of personalized learning units (LU), defined as "methodological sequences of components or learning objects" [48] , taking as reference the Educational Technology Acceptance & Satisfaction Model (ETAS-M), and the Felder-Silverman LS Model (FSLSM), both approaches widely accepted. The approach presented in this paper differs from the previous one in terms of the attributes considered as part of the student's profile, the selection criteria, and the operators used for decision making.
ETAS-M Model is used as a decision-making methodology aimed at assessing the applicability, acceptance and use of custom LOs, and is an extension of the Unified Theory on Acceptance and Use of Technology (UTAUT) model, considering the premise that "usability aspects of e-learning systems cannot be treated independently from their impact on learning behavior and the pedagogical setting in which they are implemented" [49] . In UTAUT there are 7 artefacts designed to determine the intention to use one or more components of a model, of which, Kurilovas [48] considers that "four of them have a significant role for the analysis of LOs and LMS content personalization": 1) Performance expectancy (PE) 2) Effort expectancy (EE) 3) Social influence (SI) 4) Facilitating conditions (FC).
The first three factors are direct determinants of the intention to use the technology (LMS), and the last one is a direct determinant of user behavior. For the application of the model, factors of gender, age, experience, among others, are considered to moderate the impact of these four artifacts.
In ETAS-M [49] , influence of pedagogical paradigm (IPP) is proposed instead of social influence (SI) criteria in UTAUT. For [48] , one of the advantages of this kind of model is that "not require specific high-level technological expertise from experts evaluators".
Regarding the collection and analysis of input data, regardless of the models and techniques to be used, one of the most commonly used approaches is Learning Analytics, which according to [48] , "are known as the measurement, collection, analysis, and reporting of data about learners and their contexts to understand and optimize learning and environments in which it occurs". In addition to being focused on learning, it is a discipline that interacts with others of great relevance in this decade such as educational data mining (EDM), business intelligence (BI), social network analysis (SNA) and related Machine Learning (ML).
For the application in education, the basic tasks of LA should be at least: 1) Clasification: to classify each student in a classroom into one of predefined set of students group. 2) Clustering: "to determine studentes group that need special course profiling" [48] . 3) Association rules: "to discover interesting relations between course elements which were used by particular students" [48] . 4) Prediction: "to predict dependencies of using learning environment's activities/tools and final student's learning outcomes" [48] . 5) Decision tree of students' actions. According to Kurilovas [48] , "the decision tree algorithm automates and integrates the entire hypothesis generation process and evaluates the result, and are able to handle primary data with a little or no preprocessing data action". For example, in Kurilovas [48] , the analysis was performed choosing student's ID as a target subject.
The approach presented in this paper is initially oriented towards traditional LMS, however, there is the possibility of applying it in future works with other technologies, such as: cloud-based student-centric context-aware systems [50] , integrated gamification models in E-environments Learning (E-MIGA) [51] , interactive e-learning with integrated virtual reality (VR) [52] , STEM e-Learning in an Immersive VR Environment [53] , and even in learning environments or tools based on virtual reality using wearable head-mounted displays (HMDs) [54] , among others.
III. PROPOSED MODEL
The proposed model comprises two main components: (i) the user's profile, which is adaptive and evolves over time, (ii) the mechanism for evaluation and selection of Learning Objects and Learning activities (alternatives), which is based on MADM, using the attributes of the user profile, in order to select the most appropriate learning contents.
The model uses the open source LMS Moodle platform for the presentation of the selected contents and the interaction with the users, since it is one of the most used platforms around the world, while the feedback for the model is obtained from the analysis of user behavior (interactions with the system), through log-file analysis.
A. Student Profile
The student's profile is defined by a set of attributes (criteria), which must be applicable to evaluate all of the proposed alternatives (LOs), and at the same time they must be differentiators, since if an attribute or criterion is similar for several alternatives will not serve as a discard mechanism. Table I details the attributes defined for the construction of the student's profile.
B. Method of Evaluation and Selection of Learning Objects
The mechanism of selection and evaluation of LO's is based on diffuse multi-attribute intuitionist dimensional analysis techniques, for which it is necessary to define the following sets:
.., O n }, as the set of learning objects and learning activities defined for a given learning unit or skill to develop, which are stored in a specialized repository, and represent the alternatives to evaluate.
• A = {A 1 , ..., A n }, as the vector that contains the values or linguistic labels defined for each of the A x attributes of the student's profile (Table I) , which represent the criteria to evaluate.
• DM = {DM 1 , ...DM l }, which represents the set of decision makers, who can be experts in education, teachers in the area, educational psychologists or other related stakeholders.
• W = {w 1 , ...w m } T , which represents the vector of the relative weights for each of the attributes of the user profile, according to the opinion of the experts (decision makers).
For the application of the MADM approach, as a first step, it is necessary to determine the importance of each decision 
Attributes Description ID
Unique identifier for each student, which allows to relate to their personal data record, and reuse the student profile with other models and educational tools. Age
Stores the student's date of birth, from which the age of student can be calculated easily and quickly whenever necessary. This is important because certain LOs could be more appropriate according to the age range of the learner, and even more significant, when understanding historical situations or contexts more in line with the experiences, and at the other extreme, some LOs could be difficult to understand due to jargon or examples unknown to the apprentice.
LMS Learning Style
It stores, and keeps updated, the preferred LS of each student, identified from the analysis of their interactions within the LMS (user behaviour), using the method proposed by Alfaro et al. [7] , based on neural networks and fuzzy logic, which takes as reference the Honey-Alonso model.
Social Learning Style
Stores the LS of each student, identified from their development in social networks and websites, obtained through Social Learning Analytics techniques according to the proposal of Aguilar et al. [8] , which is done on large amounts of data, taking as reference the Felder and Silverman model.
Learning behavior patterns
Stores the LS of each student, obtained from the identification of learning behavior patterns, based on the time spent on LO's, the number of messages exchanged, and the format of the LO's accessed by the student, according to the [2] proposal, and its equivalence with the Felder and Silverman model. Personality
Stores the student's personality type according to the Five Factor Model (FFM), obtained using the method proposed by Seyal et al. [9] . Personality traits are dispositions towards action, belief and attitude formation, differ across individuals and influence behaviour, and is much more stable than emotions. This attribute is necessary for delivery the appropriate affective support in diverse educational settings [35] . Learning Preference Indicates if the student has a preference for some learning approach such as: individual, group, cooperative, collaborative, problembased, project-based, among other, or is easily adaptable to any type of approach. This is important because it will allow a better planning of the resources and activities available within the course. makers DM i , using a linguistic term associated with a intuitionist fuzzy number (IFN), selected from the Table II . This qualification can be done taking as reference the professional experience, institutional position, level of specialization, or other factors deemed appropriate.
Then, be DM k = {µ k , υ k , π k } the diffuse number of the rating of the k th decisor, the weight corresponding to the opinions of DM k is calculated using the equation 5, proposed by [55] .
Where:
In second place, we proceed to determine the importance of each criterion or attribute of the user profile through the individual evaluation by each of the DM, using the linguistic terms shown in Table III . In general, all criteria cannot assume the same importance, and decision makers may have different opinions regarding the same criteria, which is one of the strengths of the proposed model. Once the evaluation has been carried out, the opinions of all DMs for each specific criterion are added using the IFWA (Intuitionistic Fuzzy Weighted Average) operator, proposed by [56] . In this way, be w k j = {µ k j , υ k j , π k j } the Intuitionistic Fuzzy Number assigned to the A j criterion for the k th DM, then the weight vector of the j criterion, called w j is calculated using the equation 8.
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Third, each of the alternatives is rated individually by each of the DMs, using the linguistic terms and diffuse intuitionist numbers shown in Table IV . 
After which, the intuitionistic final decision matrix is defined as:
Or more specifically according to the form shown in the equation 13 .
(µ cn , υ cn , π cn ) ( x 1 ) · · · (µ cn , υ cn , π cn ) ( x m ))   
Then the ideal solution S = (x * 1 , x * 2 , ..., x * m ) for the proposed problem is calculated, considering that, according to the nature of the problem, all the attributes belong to the category commonly referred to as benefits, and there is no cost category, so:
Then, the Intuitionistic Fuzzy Index of Similarity (IFIS)
of the alternative C i is calculated with respect to the ideal solution S, using the equation 17.
IF IS i = Intuitionistic Fuzzy Index of Similarity of the alternative i.
s j = Value of the ideal solution for criterion j
x i j = Value of criterion j for alternative i w j = The weight corresponding to criterion j Finally, the similarity index (IS) of a candidate c i with respect to the IFIS is calculated, using the equation 18 proposed by [57] .
Where: The highest value of IS (closer to 1), indicates the learning object that best suits the preferences and needs of a specific student at a given time, within a given topic or unit of learning, so it would be enough for the LMS to select and display the learning objects with the highest value of IS, being able to be limited to a maximum number of resources shown or through a threshold for the value of the IS.
IV. CONCLUSION
The proposed definition of the student profile, which considers different pedagogical approaches, cognitive strategies, and other attributes, makes possible the application of different intelligent user analysis techniques, towards the personalization of contents within LMS or similar environments.
The application of MADM techniques, mostly used in the field of administration and finance, in the evaluation and selection of learning objects, is a great help for the customization of content within LMS platforms, as long as there is enough information (variety of criteria) for the correct use of these techniques.
Intuitionistic Fuzzy Numbers represent a mechanism with a lot of potential in solving problems with a high degree of uncertainty and multiple criterias that influence the decision, such as the analysis of the user profiles and the application proposed, due to the complexity of human nature and of the related cognitive processes.
Finally, it is considered that, the use of the student profile defined in this investigation, together with MADM and IFN techniques, under the proposed method, constitute a good alternative for the selection and customization of contents within any LMS, which will allow contribute to improve the efficiency of the learning process and enrich the user experience.
The approach presented in this paper is initially oriented towards traditional LMS, however, there is the possibility of applying it in future works with other technologies, such as: gamification models in e-Learning environments, interactive elearning with virtual reality, STEM e-Learning in an Immersive VR environments, among others.
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